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Abstract Approach of multiclass cost-sensitive classification based on error correcting output codes is studied in this paper,and a

new framework to decompose the complex multiclass cost-sensitive classification problem into a series of binary cost-sensitive

classification problems is proposed. In order to obtain the binary cost matrix of each binary cost-sensitive base classifier,a method

of computing the expected misclassification costs from the given multiclass cost matrix is proposed,and the general formula for

computing the binary costs are given. Experimental results on artificial datasets and UCI datasets show that the proposed method

has similar or even better performance in comparison with the existing methods.
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Table 1 Parameters settings for artificial datasets
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Table 2 UCI data sets used in experiment
Dataset Samples Attributes Classes
balance 625 4 3

glass 214 10 6
iris 150 4 3
letter 1214 16 26
page-blocks 5473 10 5
sat 6435 36 6
segmentation 2310 19 7
soybean 306 35 18
thyroid 215 5 3
vehicle 846 18 4
vowel 990 13 11
wine 178 13 3
yeast 1484 8 10
200 101 16 7
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Table 3 Test cost of different methods on artificial datasets using cost matrix in type a
Datasets BCS-OVO CSOVO SECOC-OVO BCS-OVA CSOVA SECOC-OVA

18 3.00 2.70 5 4,50 3.60 5

2% 13.10 13.10 25 15.30 18. 40 25

3# 25.00 25.00 50 26. 80 31. 60 50

4% 54.50 54.50 81.70 58. 10 68. 20 100

S5H 85.60 87.60 174 99. 30 122. 30 150

6 109. 20 109. 20 194 130. 20 138.7 200

Average cost 48. 40 48.68 88.28 55.70 63. 80 88.33

* 4

ANTE T AN TR R AR b 303 28 AR B AP S R 2 AR 0 )

Table 4 Test cost of different methods on artificial datasets using cost matrix in type b

Datasets BCS-OVO CSOVO SECOC-OVO BCS-OVA CSOVA SECOC-OVA
1# 24.50 24.50 40.70 19.70 15. 00 47
2% 100. 50 100. 50 301.30 106. 70 124. 30 265
3% 180. 90 180.90 616 228.00 234. 40 590
4% 216.10 215.70 807. 80 264.60 248. 40 740
5% 446. 30 446. 30 785. 20 782.30 671.50 1200
6% 620. 20 621.70 1173.10 780. 60 758.70 1720
Average cost 264.75 264.93 620. 68 363.65 342.05 760.33

D http://www. csie. ntu. edu. tw/~ htlin/program/CSSVM
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Table 5 Test cost of different methods on artificial datasets using cost matrix in type c
Datasets BCS-OVO CSOVO SECOC-OVO BCS-OVA CSOVA SECOC-OVA

1# 31. 80 27.00 67.40 38. 60 33.80 83

2% 102. 60 107. 20 267.90 150. 30 104. 50 305

3 286. 20 255. 10 533.10 453. 20 341. 40 600

4# 560 447.90 855 721. 80 563. 20 1100

5% 773.90 543 1541.50 939. 70 721.50 1560

6 # 863. 60 768. 10 2379.90 1327. 20 1115. 40 2720

Average cost 436. 35 358. 05 940. 80 605.13 479. 96 1061. 30
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M B B{E#B 3 T SECOC-OVO I SECOC-OVA 1
I, RE W T,

(2)UCI 54l 4

F6—F8MMAH T 3 AR AN £ J AR M 46 5
T AT R UCT B 4 L iR o 2 AR A . Fh 45K
A I 3 Ry B R /INIR A 2K BRI OB R . kR
WY JR — AT 4 I T AT IR TR B R LR B
9P

F 6 RIFEFEIE UCHEEE L AR A2 SR G —Fh 28 B Z 20 JE )
Table 6 Test cost of different methods on UCI datasets using cost matrix in type a
Datasets BCS-OVO CSOVO SECOC-OVO BCS-OVA CSOVA SECOC-OVA
balance 8.70 11. 90 57.70 11.20 11. 30 57.60
glass 3.40 3.40 12. 60 4.20 4.20 14. 40
iris 4 10. 50 6.10 1.10 1.10 10
letter 39 33 117.10 64.50 59. 40 116. 60
page-blocks 27.80 79.30 57.40 32.80 37.60 56
sat 118. 60 116. 40 489. 80 123. 40 123.20 490. 20
segmentation 14.70 13.20 254. 20 175 283.20 2640
soybean 17.50 17.30 30. 20 19 19 29. 60
thyroid 2.10 1 4. 60 1.40 1. 40 6.50
vehicle 32.90 30.90 79.50 30. 40 29.50 64.70
vowel 2.40 2.50 98. 90 4.70 4.30 90
wine 2.10 2.60 11. 20 3.30 3.30 11.90
yeast 62.50 64.10 148. 10 66 75.90 124
200 2.70 2.70 6 2.90 2.90 6
Average cost 24.17 27.77 98. 10 38. 56 46. 87 265.53

F 7 OAFITETE UCHEUEE B A543 28 SR CGF R 28 Z 24000 46 )
Table 7 Test cost of different methods on UCI datasets using cost matrix in type b
Datasets BCS-OVO CSOVO SECOC-OVO BCS-OVA CSOVA SECOC-OVA
balance 31.90 31.90 292.90 30.70 45.70 720
glass 32.10 32.10 197.50 51.50 51. 60 205. 30
iris 2.50 2.50 6. 90 4.70 2.70 55
letter 350. 40 348.10 1342.90 705.50 705.50 1342.90
page-blocks 175.50 301. 60 3451.50 152.70 170. 80 447
sat 605. 50 605. 50 5707.90 863. 30 729 5825.10
segmentation 119. 40 108. 10 2541 192. 40 159. 40 2277
soybean 196. 30 190. 50 310. 20 205. 30 205. 30 310. 20
thyroid 2.50 2.50 22.10 2. 80 2.40 30
vehicle 165. 80 165. 80 197.90 247. 80 187. 40 534. 10
vowel 9 9 819 17.50 17.50 819
wine 16.70 16.70 148. 20 33.90 33.90 132. 60
yeast 569. 20 557.10 940. 50 653.90 533.90 940. 50
200 21.50 18. 50 83 22.30 22.30 39. 80
Average cost 164. 16 170. 70 1147, 30 227.45 204. 81 977.03

8 ARRIELE UCHECHE L 405 B AR 5 = K2 5 A )
Table 8 Test cost of different methods on UCI datasets using cost matrix in type c
Datasets BCS-OVO CSOVO SECOC-OVO BCS-OVA CSOVA SECOC-OVA
balance 29.50 20. 40 99. 90 71.90 40. 60 259. 20
glass 29.40 22.30 105 33.70 34 105
iris 5.60 4.80 21.90 6.40 6. 90 25
letter 309. 10 241.30 1026. 20 541.50 541.50 1026. 20
page-blocks 498. 30 257. 40 746. 50 239.60 299. 80 735.70
sat 797. 30 366. 40 4003. 10 763.10 746. 60 4655.70
segmentation 122.10 150. 10 1222.70 254.30 272.90 1914
soybean 196. 40 132.70 321. 80 209. 40 209. 40 321. 80
thyroid 7 6.50 32.50 7.40 7.60 42.50
vehicle 277.10 189. 60 767 333.70 319.30 991. 40
vowel 6. 30 5.60 864 26.50 26.50 864
wine 17.30 24.10 77.60 34. 40 34.40 133. 60
yeast 753.70 623 768.90 646. 20 672. 40 770.90
200 25.60 16. 30 50. 10 25.10 25.10 59. 10
Average cost 219.62 147.17 721.94 228.08 231.21 850. 29
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